Decision Support Systems (DSSs) aims to support professionals decision process. A specific area of application is the Clinical one, resulting in Clinical Decision Support Systems (CDSSs), focusing on Clinical Decision problems, like oncology, geriatrics, and dentistry. DSSs integrate expert knowledge through patternbased approaches. Bayesian Networks are probabilistic graph models that allow representation and inference on complex scenarios. BNs are used in different decision-making fields, e.g., Clinical Decision Support Systems. Traditionally, such models are learned using established databases. However, in situations where such data set is unavailable, the BN can be manually constructed converting expert knowledge in conditional probabilities. In this paper, we evaluate a Dental Caries Clinical Decision Support System which uses a BN to provide suggestions and represent clinical patterns. The evaluation methodology uses forward sampling to generated data from the BN. The generated data are separated into three groups, and each one is analyzed. The results show the certainty of the Bayesian Network for some scenarios. The analysis of the CDSS BN indicates that the system efficiently infers according to the pattern presented in the literature.
INTRODUCTION
Decision Support Systems (DSSs) are a set of computational tools to provide information for supporting decision-making (Power et al., 2015) . Expert knowledge-driven systems, are a type of DSSs, that derive solutions for stated problems (Deshpande et al., 2016) by integrating "expert knowledge through pattern-based approaches" (Hogenboom et al., 2016) .
Among the DSSs, exists the specific area of Clinical DSSs (CDSSs) (Berner, 2007) , which aims to assist health professionals in diagnosis and the overall clinical process (Castaneda et al., 2015) . Examples are present in different health areas, as oncology (Lambin et al., 2013; Sesen et al., 2013) , geriatrics (Genes et al., 2016) and dentistry (Goh et al., 2016) .
A CDSS usually displays a rank or probability for each suggestion (Berner, 2007) , which helps the clinician decision-making process. A previous study developed a CDSS with Bayesian Networks (BNs) for dental caries management (Bessani et al., 2014) , The CDSS is based on the modern caries management (Selwitz et al., 2007; Zero et al., 2011a) . It uses individual caries risk factors and scientific evidence on treatment outcomes.
BNs are probabilistic graph-based models that offer a formal, natural and intuitive theory to deal with uncertainties and represent specific knowledge of complex scenarios (Kjaerulff and Madsen, 2010) . BNs have many applications, for example genetics (Villanueva and Maciel, 2010) , social-behavioral models (Walsh et al., 2010) and lung cancer care CDSSs (Sesen et al., 2013) .
Traditionally, BN models are learned using established databases, such as the Asia (Lepar and Shenoy, 1998) network. However, in some scenarios, there is no data set available, and in these cases, the BN model can be manually constructed by converting certainty expressions into probability distributions (Kjaerulff and Madsen, 2010) . For dental caries management, there is also no data set describing all the variables, in the (Bessani et al., 2014 ) study the BN model for a dental caries CDDS was manually assembled.
In this paper, we evaluate the Bayesian network of a previously developed Clinical Decision Support System for Dental Caries management (Bessani et al., 2014) using the forward sampling methodology (Koller and Friedman, 2009) . Sampled data are used to analyze the pattern embedded in the probabilistic model to validate the CDSS for dental caries management. Such analysis is performed by evaluating the uncertainty in different clinical scenarios.
In the next section, we present the background information regarding Bayes nets and the Dental Caries CDSS. Section 3 presents the methodology of both, the forward sampling process and the used analysis to evaluate the probabilistic model embedding the CDSS. Further, Section 4 shows the results, analysis and discussions leading to the conclusions and next steps presented in Section 5.
BACKGROUND
This section presents the background information necessary to build the CDSS for dental caries management. It is organized as follows by the theory regarding Bayesian networks, and the construction of Bessani's CDSS.
Bayesian Networks
Bayesian Networks represent the interaction between random variables (Holmes and Jain, 2008) . It is composed of nodes that represent random variables and edges that represent dependence (Hayduk et al., 2003) . Each node is named according to its function in the network: the one exercising influence is called a parent, and the one receiving that affect is known as a child (Salini and Kenett, 2009 ).
Formally, a BN can be defined as a set of variables (nodes) and a set of directed edges between variables that form a Directed Acyclic Graph (DAG) (Jensen and Nielsen, 2007) . The variables have a finite set of mutually exclusive states, and the edges link parent nodes (Pr) to child nodes (C) representing a direct dependency between variables (Pearl, 1988) . The dependencies can represent causal relations between connected nodes.
In a BN, two distinct variables are called DSeparated (Hayduk et al., 2003) if, for all paths between them, there is one variable that can be instantiated. The D-separated variables become independent if the intermediate variable assumes some fixed state. It is useful to reduce the dimension of the joint probability over the BN (Jensen and Nielsen, 2007) .
Each BN node has a probability table, and in the case of child nodes, they have a conditional probability table (CPT) (Pearl, 1988) . The CPT contains the conditional probability distributions P(C 1 |Pr 1 , ..., Pr n ) of each child node state considering the possible states of it parents.
The CPT represents the interaction between nodes (Peebles, 1993) . It gives the probability for a to variable assume one of its states, given that it parents variables assumed some specific configuration state. If the parent's nodes are independent of each other, we can use the chain rule (Jensen and Nielsen, 2007) to decompose P(C 1 |Pr 1 , ..., Pr n ) as (1), which is also called the Noisy-OR assumption (Zagorecki and Druzdzel, 2004) :
The BN model is used to infer about the probabilities of some interest node given some evidence, or probabilities, of others nodes in the network. It is well known that the exact inference for BN has an exponential complexity based on the number of nodes and edges presents in the network (Guo and Hsu, 2002) 
Dental Caries CDDS
The BN evaluated in this paper are a Dental Caries CDSS. Dental Caries (Marcenes et al., 2013) are the most common oral conditions and still an important health problem. It is a chronic transmissible disease of multifactorial etiology (Limeback, 2012; Pitts, 2004) . The knowledge of such factors, like risk, treatment outcomes and incidence of caries is necessary for the caries management reasoning (Selwitz et al., 2007) and their judgment is open to each professional (Baelum, 2008) . Such a scenario stimulated the previous study (Bessani et al., 2014) , which developed a Dental Caries CDSS. Unfortunately, there is no database relating all the variables necessary to caries management reasoning. In (Bessani et al., 2014 ) the CDSS BN was constructed based on the scientific literature outcomes. The network was created and modeled using the software package GeNIe Modeler from BayesFusion, LLC.
The BN construction was performed in two parts: the structure (qualitative), and the probabilities (quantitative), as proposed by (Kjaerulff and Madsen, 2010) . The BN was modeled using the causal reasoning present in the cariology scientific literature. The resulting BN model is shown in the Figure 1 .
In summary, it comprises the risk factors (Zero, 2004; Limeback, 2012; Söderström, 2014) , treatment and return aspects (Nyvad et al., 2003; Ferreira Zandoná et al., 2012; Zero et al., 2011b) necessary to caries clinical decision. The risk factors cover causal and predictive aspects to infer risk classification. Treatment assumes clinical evidence together with patient risk to infer the most indicate treatment. The return is inferred considering lesion activity and the patient risk.
Caries risk, treatment, and return are the suggestions provided by the CDSS. The clinician needs to supply the input variables states to the system, which can be obtained by clinical examination, to get the suggestions. The discrete states of each BN variable are presented in Table 1 . 
METHODOLOGY
Due to lack of a database describing all the necessary variables the BN evaluated here was manually constructed in a previous study. As a consequence, our methodology consists of generating synthetic data by forward sampling the CDSS BN (Koller and Friedman, 2009; Guo and Hsu, 2002) . In summary, a set of random samples is produced according to the network CPTs. We also use the dseparation property to divide the BN into three parts named-Caries Risk, Treatment, and Return.
The forward sampling is done respecting the partial order of the BN, first sampling the nodes without parents, and then sampling the child of such sampled nodes. As a consequence, when sampling a child node, the state of it parents are already sampled, and the child sample is obtained from the CPT.
The random sampling of each variable uses pseudo-random number generator. It gives a value between 0 and 1 that is used to define the state of the discrete variable, e.g., if the pseudo-random number generator return 0.6, the sampled variable have P(X = 0) = 0.3 and P(X = 1) = 0.7, since 0.6 > 0.3 we set X = 1.
We divided the BN into three different parts, Caries Risk, Treatment, and Return according to Subsection 2.2, and generated 20.000 random samples from the CDDS BN. The data obtained are grouped in the three mentioned parts.
All the possible states of the input variables were considered allowing to evaluate how each one of their states contributes to the CDSS suggestions. It will be done considering the probabilities of the CDSS inputs given the status of the system' outputs, allowing an assessment of how the uncertainties are handled by the system and its capability of inferring on specific scenarios.
RESULTS & DISCUSSION

Caries Risk
The Caries Risk part of the BN is presented in Figure  2 . The variables that were grouped from the random samples are Past Caries, Salivary Flow, Fluoride Exposure, Dietary and Oral Hygiene as input variables, and Caries Risk. Figure 3 presents the relative frequencies of Table  2 as a radar chart. The three plots represent the relative frequency of each input state for the three states of Caries Risk. It is possible to note that the frequencies of the input variables states are different for each state of Caries Risk.
Figure 3 also shows the relative frequencies of each input state depending on the Caries Risk state. For example, the state Past aries equal to zero is present in 96,7% of the samples for Low Caries Risk, reflecting how such input state is decisive to suggest a Low Caries Risk.
In contrast, for high Caries Risk as shown in Figure 3 , the input states that presented low frequencies for Low Caries Risk have higher relative frequencies for High Caries Risk, and the states with high frequencies for Low Caries Risk have lower frequencies for High Caries Risk.
Treatment
Treatment results refer to the sampling of the following input variables: ICDAS, Tooth Type, Caries Risk and Lesion Activity. The Treatment part of the BN is Figure 5 presents such same relative frequencies as a radar chart. The three plots represents the three treatment variable states.
We can note that ICDAS classification is decisive for endodontic treatment, with ICDAS 5 or 6 the endodontic treatment is almost sure. ICDAS is the International Caries Detection and Assessment System and is defined as a workflow for caries visual detection and measurement, for more information see (Zero et al., 2011b) . On the other hand, for the other Treatment suggestions, others variables become important.
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Figure 6: BN part referent to Return suggestions.
The Return part of the BN is shown in Figure 6 . The variables grouped to analyze this part of the network are Caries Risk and Lesion Activity. Table 4 presents the data as a contingency table.
We performed the same analysis for the Return variable and Table 4 summarizes the random sampling result. Likewise, Figure 7 displays the radar chart for each Return state. We can see the importance of each variable for the system return suggestion. For a 1-year return, only a low Caries Risk and no Lesion Activity is necessary. In contrast, other variables status become important for a faster patient return. Such graphical results are in agreement with the literature used to model the BN (Bessani et al., 2014) . Table  4 for the three states of the Return variable. CR refers to Caries Risk and LA to Lesion Activity.
CONCLUSION
In this paper, we evaluated a BN using forwarding sampling. The generated data were used to analyze the network. The BN evaluated is associated with a CDDS for caries management and was developed in a previous study. Due to the lack of data correlating all the necessary variables It was modeled using a manual construction methodology, certainty expressions from the scientific literature were converted into probabilities.
The analysis was divided into three parts: Caries Risk, Treatment, and Return. The sampled data were presented in contingency tables and in radar charts, allowing a visual analysis of the dependence of the CDSS suggestions and input variables states.
Results showed the behavior of CDDS model in different scenarios. The certainty about suggestions is present in some scenarios, e.g., the patient return is equal to 1 year if Caries Risk is low, and Lesion Activity is no. For return before 6 moths, Lesion Activity variable needs to be true, and Caries Risk needs to be high. In contrast, uncertainty is present in others suggestions states, e.g., in scenarios with a Low Caries Risk.
The analysis shows the system deals with the uncertainty inherent in the clinical processes. Furthermore, its infers according to the clinical standards presented in the literature of cariology. It can be helpful as a second opinion during dental caries clinical management. The next steps are to quantify the different levels of uncertainty present in the model and evaluate the performance of the system by comparison with experts decisions.
